Abstract. In this paper we present a novel methodology applied in Spain to model spatial abundance patterns of potential vectors of disease at a medium spatial resolution of 5 x 5 km using a countrywide database with abundance data for five Culicoides species, random regression Forest modelling and a spatial dataset of ground measured and remotely sensed eco-climatic and environmental predictor variables. First the probability of occurrence was computed. In a second step a direct regression between the probability of occurrence and trap abundance was established to verify the linearity of the relationship. Finally the probability of occurrence was used in combination with the set of predictor variables to model abundance. In each case the variable importance of the predictors was used to biologically interpret results and to compare both model outputs, and model performance was assessed using four different accuracy measures. Results are shown for C. imicola, C. newsteadii, C. pulicaris group, C. punctatus and C. obsoletus group. In each case the probability of occurrence is a good predictor of abundance at the used spatial resolution of 5 x 5 km. In addition, the C. imicola and C. obsoletus group are highly driven by summer rainfall. The spatial pattern is inverse between the two species, indicating that the lower and upper thresholds are different. C. pulicaris group is mainly driven by temperature. The patterns for C. newsteadii and C. punctatus are less clear. It is concluded that the proposed methodology can be used as an input to transmission-infection-recovery (TIR) models and R 0 models. The methodology will become available to the general public as part of the VECMAP TM software.
Introduction
Bluetongue, a vector-borne arboviral (Orbivirus; Reoviridae) infectious disease listed by the World Organization for Animal Health (OIE), is transmitted by Culicoides biting midges spp. (Diptera: Ceratopogonidae). Twenty-four different bluetongue virus (BTV) serotypes are currently known worldwide. In European outbreaks, five serotypes have been identified in the Mediterranean biome (BTV1, 2, 4, 9, 16) and four in the temperate biome (BTV1 and 8 plus two alleged vaccine strains BTV6 and BTV11). Depending on the serotype, BTV causes high morbidity and mortality in certain breeds of sheep and other domestic and wild ruminants (Elbers et al., 2008; Le Gal et al., 2008; Allepuz et al., 2010) . The disease has a high economic impact on livestock, e.g. the total economic losses of the recent BTV8 epidemic in the Netherlands amounted to € 32 million in 2006 and € 164-175 million in 2007 (Velthuis et al., 2010) .
In the European Mediterranean biome the BTV spread that started in the late 1990s was largely, but not solely, related to the originally tropical vector C. imicola. At its distribution margins BTV was also related to indigenous European Culicoides species, most notably species of the C. obsoletus complex . Whether the presence of C. imicola in the Mediterranean biome is related to a recent invasion followed by the incursion of BTV serotypes or it has already been present for a longer period of time is still an open question (Conte et al., 2009 ), but recent work has shown that the theory of a recent introduction is highly unlikely (Mardulin et al., 2013) .
Until 2006, bluetongue remained limited to the areas around the Mediterranean, i.e. the Mediterranean biome. However, from August 2006, in the absence of C. imicola, an unprecedented introduction, establishment and spread in the temperate biome of the non-Mediterranean BTV8 serotype, solely based on indigenous Culicoides species, have been observed north of 50° N in Benelux, Germany and France (Saegerman et al., 2008) . In the following 2 years, this serotype spread very rapidly in the temperate part of Europe, including the temperate tip of Sweden and Norway. The "restriction zone" imposed by the European Union (EU) now covered an area up to approximately 2.3 million km 2 , i.e. 43% of the total European territory.
Whilst BTV1 had been restricted to the European eastern Mediterranean biome until 2006, a newly introduced BTV1 strain originating from Morocco invaded the C. imicola range in 2007 in Spain (OIE, 2007a) and in Portugal (OIE, 2007b) . From the latter country it spread to the northern part of Spain and also southern France (OIE, 2007c) into areas where C. imicola is absent and where indigenous European midge species of the C. obsoletus complex and C. newsteadii are responsible for transmission of the BTV. The potential further expansion northwards was stopped in 2009 by a massive, countrywide vaccination campaign in France. In addition, BTV8 also spread southwards into the European Mediterranean biome, invaded Spain and also appeared in Italy, creating a large geographical overlap between both serotypes in Europe.
Several authors have modelled the probability of the occurrence of Culicoides species in the Mediterranean basin, relating the observed presence/absence or abundance of the midges to meteorological and environmental variables mainly derived from satellite imagery. These relationships are established using either statistical techniques such as non-linear discriminant analysis as used by Tatem et al. (2003) in Portugal, logistic regression (Calvete et al., 2008) and more recently, data-mining techniques such as random Forests (Peters et al., 2011) .
In order to develop transmission-infection-recovery (TIR) models (Szmaragd et al., 2009 (Szmaragd et al., , 2010 or basic reproduction number (R 0 ) models (Hartemink et al., 2009) , abundance data of Culicoides spp. are an essential parameter. Some abundance models yield abundance classes as output (Tatem et al., 2003) , while other studies established a direct linear relationship between probability of occurrence and abundance measured in the traps (Calvete et al., 2008; Guis et al., 2011) . The first group of methods could be used as input for TIR models or for R 0 models (e.g. Hartemink et al., 2011) but because the output is categorical map outputs that indicate risk in indirect manner; the second category assumes that there is a linear relationship between probability of occurrence and abundance, a relationship that remains to be validated for Culicoides. In this paper, we go one step further and present a new methodology to estimate abundance data using random Forests and a wide set of meteorological and environmental data sets. Outputs are generated as a continuous raster at a spatial resolution of 5 x 5 km. First, we estimate the probability of occurrence, in a second step a direct regression between the probability of occurrence and trap abundance is established to verify the linearity of the relationship; finally, probability of occurrence is used in combination with an additional set of predictor variables to estimate the abundance.
Material and methods

Entomological data
Data collected on mainland Spain and the Balearic Islands under the Spanish Bluetongue National Surveillance Programme in 2007 (Calvete et al., 2008) were used in this study. Culicoides spp. specimens were caught using ultraviolet light traps, fitted with a suction fan and a collection vessel containing ethanol and ethylene glycol in water to preserve the samples. The traps were positioned outside selected farms with a minimum of 10 large ruminants and not further than 30 m away from livestock. The traps were operational for one night per week in each farm. Monthly aggregated data showing the maximum catch per farm were available for this study. A hand-held global positioning system receiver recorded the coordinates of the sample locations (Fig. 1) . The red dots indicate traps where specimens were found, while the green dots represent traps where no specimens were caught. The abundance of a species was calculated and reported as log 10 (n+1), where n is equal to the number of individuals caught in a trap. The radius of the red circle in the figure is a measure of the abundance.
Trapped Culicoides spp. were identified as described by Calvete et al. (2008) resulting in abundance data for the following species: C. imicola, C. pulicaris, C. punctatus, C. newsteadii and the Obsoletus group containing C. obsoletus, C. scoticus, C. montanus, C. dewulfi and C. chiopterus.
Meteorological and environmental data
Variables describing environmental conditions for Culicoides were selected based on expert knowledge and a literature review (Conte et al., 2007; Calvete et al., 2008) . This study included a total of 74 variables belonging to the following categories: land cover, ground water-related variables, precipitation and land surface temperature (LST).
The land cover information was derived from the CORINE dataset (JRC, 2005) . The percentages of the three main land cover classes relevant for Culicoides, i.e. urban, agriculture and natural, within a 5 x 5 km pixel were computed. The percentage cover was determined for land cover classes particularly favourable for Culicoides, i.e. pastures and forest. Within the forest class, cover percentage was also computed for three forest types: broadleaved, coniferous and mixed forest. Human population pressure on the landscape was assessed by the number of inhabitants/km 2 (GWPv3.0 compiled as described by Wint (2005) ). Other environmental data layers included the water capacity of the topsoil (JRC, 2009), distance to waterways (GfK geoMarketing, 2009 ) and the GTOPO30 elevation (USGS, 1996) . The mean total yearly precipitation and the mean monthly mean precipitation were obtained from the WORLDCLIM dataset (Hijmans et al., 2005 the normalized difference vegetation index (NDVI) (Gao et al., 2000) . Time series covering the years 2004, 2005, 2006, 2007 and 2008 were used to detect yearly trends. After Fourier transformation, the first three harmonics were included as predictor variables (Scharlemann et al., 2008) . These harmonics describe seasonal cycles, e.g. in temperature and vegetation variables, by approximating the temporal signal with cosinusiodal waves. The amplitude of the cosinusoidal wave represents the magnitude and the phase the timing of when the maximum amplitude is reached. For real-life temperatures, for example, the amplitude is the maximum difference between the lowest and the highest recorded temperature, whilst the phase indicates when the peak (maximum of the highest temperature) is achieved. The first harmonics thus represent the major seasonal differences in temperature; subsequent harmonics describe secondary and tertiary seasonal phenomena. Finally, the number of days with a mean temperature above (i) 0°C; (ii) 5 °C; and (iii) 12.5°C were derived from the MODIS LST time series for the year 2007 for which data on midges were available. All data layers were clipped to the extent of the study area i.e. mainland Spain and Portugal. Geographical information systems (GIS) manipulations were performed using ArcGIS, 9.3 (ESRI, 2009).
Modelling framework Random Forest modelling
Models were generated using the random Forest (RF) approach (Breiman, 2001 ). This is a robust ensemble learning technique, which can be applied either to model probability maps using a random classification forest or abundance maps through a random regression forest. The technique consistently outperforms traditional modelling techniques such as logistic regression (Cutler et al., 2007; Peters et al., 2007) . Random classification forests have been used to assess if temperature and precipitation affect the minimum infection rate of Culex species for the West Nile virus in Illinois (Ruiz et al., 2010) and to model the current spatial distribution of Aedes albopictus in Europe using a wide set of predictor variables (ECDC, 2009) .
RF allows both internal and external validation through a bootstrapping procedure. For each classification or regression tree, the full data set is bootstrapped, i.e. a number of data points are sampled from the complete data set with replacement. From the bootstrapped sample approximately one third of the data are excluded. This set of the excluded data is referred to as the "out-of-bag" (OOB) dataset for the tree; each tree will have a different OOB dataset. Since these datasets are not used to build the tree, they constitute an independent validation dataset for the tree in absence of autocorrelation.
To measure the classification error of the random classification forest, the OOB data for each tree are classified and the classification error is computed. The error values for all trees in the forest are averaged to give the overall classification error. In case of random regression forests, the error is expressed as the mean squared error between the predicted values for the OOB data and the observed data.
Probability of occurrence maps
For each species, the abundance data were classified into presence and absence classes. If a site were negative over the entire year, it was classified into the absent class; all other sites were classified into the present class. In order to maximize model accuracy (McPherson et al., 2004) , equal numbers of presence and absence sites were randomly selected.
The probability modelling was based on a balanced set of presence and absence observations at the sample sites. The presence/absence traps were selected at random from the entire dataset of observations points. The number of traps used for each species can be found in Table 2 . The performance of the probability model was assessed using four accuracy measures: per-centage of correctly classified instances (PCC), sensitivity, specificity and "area under the receiver operating curve" (AUCOC). The AUCOC can be roughly interpreted as the probability that a model will correctly distinguish a true presence and a true absence at random. For example, a value of 0.8 for the AUCOC means that for 80% of the time a random selection from the positive group (presence) will have a score greater than a random selection from the negative class (absence) (Fielding and Bell, 1997) . Predictor variable importance is assessed through the measurement of the decline in performance if the model is run without the variable. This performance decline is expressed as the mean decrease in GINI index (Breiman, 2001) . The GINI index is a measure of homogeneity from 0 (homogeneous) to 1 (heterogeneous) versus the contribution of each variable. The changes in GINI are summed for each variable and normalised at the end of the calculation.
Abundance maps
Abundance data were log 10 transformed according to the following formula log 10 (n+1), where n is the maximum number of individuals caught for the site in question. The species data for all sites were used in the abundance modelling.
In many cases, the predicted probability of occurrence is a surrogate of habitat suitability, and is therefore used as an indirect predictor of species abundance (Osborne et al., 2001; Boyce et al., 2002; Gibson et al., 2004; Chefaoui et al., 2005; Calvete et al., 2008) . To test this hypothesis, in a first step, the Pearson correlation coefficient was established between the predicted probability of occurrence and the observed abundance data. In a second step, the probability of occurrence was added as a predictor variable for modelling the abundance of a species using RF. Accuracy was assessed quantitatively through the calculation of the mean squared error (MSE) and the coefficient of determination (cor) between the log 10 -transformed observed and predicted abundances. The importance of the predictors for the abundance modelling was assessed using the "increase in node purity" (INP). This measure shows how much the impurity, i.e. a measure for inaccuracy, increases when that variable is omitted from the model. Important variables have a high value. Statistical analysis and modelling were performed in the R2.10.1 statistical language environment (R Development Core Team, 2006) using of the R-package "rgdal", version 0.6-25, and "randomForest", version 4.5-34.
Results
Observed presence and abundance data
For this Spanish study area, data of 158 traps were used. For each species, the number of positive traps, negative traps as well as the total number of traps can be found in Table 1 . The observed data show three distinct patterns for Culicoides species in Spain (Fig. 1) .
C. imicola was mainly present in the drier central and south-western part of continental Spain and mostly absent from the northern more humid part. In addition some specimens were also caught along the Ebro Valley and along the north-eastern Mediterranean coast. The species was also present in the Balearic Islands.
C. newsteadii and C. punctatus both have a comparable distribution pattern along a north-east/southwest axis with distinct areas of absence north and south of this axis. Some more positive sites were found for C. newsteadii in the southern part of the country and for C. punctatus in the North.
Finally, C. pulicaris and the C. obsoletus group are the most widespread Culicoides groups in Spain suggesting they may adapt to a wider range of eco-climatic circumstances than the other species. The distribution pattern of the C. obsoletus group was the inverse of the pattern observed with C. imicola. Though C. obsoletus was present in most of the area covered by C. imicola, low densities were recorded, whilst no C. imicola were found in northern Spain, where the highest densities of C. obsoletus have been recorded. Fig. 2 depicts the probability of occurrence for the Culicoides species in Spain. C. imicola is predicted to occur in southwest Spain. It has a crisp distinction between the high and low probability zones, which closely resembles the observed distribution pattern. This is reflected in high accuracy indices: PCC = 0.81 and AUCOC = 0.88 (Table 3) . C. newsteadii and C. punctatus exhibit a similar predicted probability of occurrence. The gradient between the higher and lower probability areas is smooth. A large zone shows a medium probability. The accuracy measures are similar for both species: the specificity is fair, 0.78 and 0.72 for C. newsteadii and C. punctatus, respectively) but the sensitivity is lower, indicating that more sites are falsely classified as being present. This is even more pronounced for the distribution of C. pulicaris and C. obsoletus, which are generally more ubiquitous resulting in a lower PCC = 0.51 and AUCOC = 0.59 (Table 3) . Table 4 summarises the 10 most important variables driving the model. The occurrence of C. imicola is most strongly driven by precipitation. The five most important factors were found to be precipitation variables such as the precipitation level of the driest month and the monthly mean precipitation of the summer months from June until September. The timing of the greening of the vegetation (phase 1 of the NDVI and phase 1 of the EVI) and the number of days with daytime LTS greater than 12 °C were also important. Indeed, in 2008, the temperature variables were found to be one of the 10 most important variables. Spring precipitation was the 10 th most important factor.
Probability of occurrence maps
The occurrence of C. newsteadii is determined by the night-time LTS through the first amplitude (peak of the annual cycle) and the third phase (the timing of the peak of the tri-annual cycle), forest cover and the winter precipitation variables (maximum precipitation, plus the precipitation in December and November).
The occurrence of the C. pulicaris group turned out to be mainly determined by temperature: seven out of 10 variables are temperature-related, both day-and nigh temperatures. These variables were: the peak of the bi-annual and tri-annual daytime temperature cycle, the number of days with night temperatures in each year greater than 5 °C, the number of days above the freezing point in 2008 and the peak of the triannual night temperature cycle. Elevation, a proxy for temperature, was also retained. Additionally, the timing of the bi-annual (phase 2) and tri-annual vegetation peak (phase 3) of the EVI was found to drive the probability of occurrence. Thus, the crucial factors for the occurrence of C. punctatus are a combination of different types of variables with the main factors being temperature (first and third amplitude of night-time LST, the number of days above 0 °C in 2008, the number of days above 12 °C in 2007 and the mean yearly night-time land surface temperature), distance to water and precipitation. However, elevation and forest cover both play a role.
Finally, the occurrence of the C. obsoletus group is clearly determined by temperature, both in the day and during night: seven out of the 10 variables were found to be temperature-related. The timing of the annual and tri-annual peak of vegetation was also important but precipitation does not have an influence on the distribution modelling for this species group.
Development of abundance models
In Table 5 the correlation is given between the predicted probability of occurrence and the log 10 (n+1)-observed abundance. This relationship is shown in Fig. 3 . Whilst all reported correlation coefficients were highly significant, it is clear that correlation is mainly achieved because of the good match between negative traps and zero probabilities of occurrence. When removing the zero observations, no correlation was observed (not shown here). A simple linear relationship will thus not allow modelling the abundance of the different Culicoides species.
The output of abundance RF models is shown in Fig. 4 . C. imicola is most abundant (from >200 individuals up to 2,200 individuals) in Extremadura (central Spain). Andalucía in south-western Spain featured a medium abundance, while other regions had abundance lower than 100 specimens. Very low densities are predicted in northern Spain, concurrent with the observed data. C. newsteadii and C. punctatus were most abundant on the Mediterranean coast and in central to northern Spain. The Pyrénées are predicted to have a very low abundance of this species. The C. pulicaris group, and also the C. obsoletus group, is predicted to occur very abundantly in the entire country with the exception of the driest areas, i.e. Extremadura and Andalucía. A visual comparison of the predicted abundance map of C. obsoletus (Fig. 4) and the observed data (Fig. 1) suggests a considerable underestimation of abundance in the overlapping area with C. imicola, whilst higher abundances were correctly predicted in the northern part of Spain. This is also the case for C. pulicaris, though to a lesser extent. areas, i.e. C. imicola, C. newsteadii and C. punctatus, showed a more crisp distinction between high and low abundance areas. The interpretation of predictions obtained outside the study area (i.e. Spain) reflects a similar pattern. In southern France, the absence of C. imicola and the presence of C. obsoletus group and C. pulicaris were correctly predicted as compared to the results from the Epizone-Dynvect project (Balenghien et al., 2010) . Results obtained in Portugal, however, were less clear: C. imicola was correctly predicted, C. obsoletus to a lesser extent so, while the discriminating power between absence and presence zones was less for C. pulicaris. Results obtained with C. newsteadii and C. punctatus in these countries could not be compared since no data were available to us.
In Table 6 the MSE of the abundance model for each species is given. In case of C. imicola, the MSE on the log 10 (n+1) data amounts to 0.73. This is even lower for the other species, which is also reflected in the determination coefficient. Fig. 5 shows the relationship between the observed and predicted abundance data. Table 7 lists the 10 most important predictor variables together with their variable importance for the abundance modelling of the different Culicoides species. For all species the most important predictor variables determining the abundance is the probability of occurrence. This is concurrent with the previously identified correlation between the predicted probability and the observed log 10 (n+1)-transformed abundance data. The probability can therefore be considered a necessary condition for the abundance, and the additional predictor variables will define the level of abundance within the presence zone. For C. imicola, C. newsteadii and C. pulicaris these predictor variables are similar to those found in the probability mapping. Abundance of C. imicola is mostly driven by summer precipitation, abundance of C. newsteadii by temperature and precipitation and C. pulicaris by number of days below the 5 °C threshold and number of days with temperatures above freezing. C. punctatus abundance seems to be determined more by temperature variables (five variables), albeit different variables than be found in the probability of occurrence model. Additionally, precipitation in June, population density and the peak of the annual vegetation cycle influence the abundance. C. obsoletus abundance is relative to summer precipitation as well as the mean yearly daytime temperature and the peak of annual cycle of the temperature at night. Summer precipitation did not influence the probability of occurrence.
Discussion
Aggregation of time series
The Spanish dataset originates from a network of traps, which have been sampled on a regular basis during one year. The available aggregated data (i.e. maximum catch per month) allow reducing the risk of false negative trap sites and enable the use of annual maximum catch figures per trap site as a measure of abundance leading to improved apparent density estimates. It is important to note that this apparent density is not the same as the true population density, because the E. Ducheyne et al. -Geospatial Health 8(1), 2013, pp. 241-254 apparent density is dependent on a wide range of factors such as trap type, location type, presence of hosts nearby and the weather. The data did not allow correcting for these potential biases.
Comparing abundance data
It is possible to directly use abundance data as input to the model because the abundance was measured using a standardised protocol (trap type, trap frequency, morphological identification). A wide range of trapping techniques is in use for the collection of adult mosquitoes (Kline, 2006) . They differ in design and vary greatly in effectiveness and usefulness (Campbell, 2003) . Comparing the performance of three trap mechanisms (using the "CO 2 -baited mosquito magnet liberty plus trap", the "BG sentinel trap" and the "gravid trap"), Versteirt (2012) noted that the species caught and the abundances per species differed greatly between the different traps and thus that abundance values are not comparable. This leaves obviously the issue that the proposed methodology cannot be directly applied to continental-wide mapping if the observed data are not uniformly collected and illustrates that it is essential to design a sampling strategy tailored to the study objectives prior to the field work. When working with historical datasets from different sources and collected in different ways, methods will have to be designed to compensate for discrepancies.
Predictors for Culicoides probability of occurrence and abundance
In this study, Culicoides species with a clear distinction between areas of presence and absence scored considerably better in models predicting the probability of occurrence than species with a wider distribution range. This suggests that at a pixel resolution of 5 x 5 km for the latter (i.e. C. pulicaris and the C. obsoletus group) may not contain enough information to discriminate between unsuitable regions in Spain. Additional predictor data will therefore be needed to improve the discriminating capacity of the models. This is also reflected when analysing the correlation between the predicted probability of occurrence and the observed abundance. While the RF approach does not allow investigating the direction of influence, it does permit assessing the importance of each variable. Future research with techniques such as boosted regression trees (Elith et al., 2009 ) may overcome this disadvantage.
Precipitation, especially summer rainfall (JuneSeptember), was the most influential factor determining the distribution of C. imicola. Field observations indicate that the population of C. imicola peaks in the September-October period and it seems that the summer rainfall has a direct impact on the population. This is concurrent with the observations from Calvete et al. (2008 Calvete et al. ( , 2009 , who noted that the coefficient of variation and the total amount of precipitation was retained in all logistic regression models for C. imicola. In contrast, models produced by Wittmann et al. (2001) did not include any variable related to rainfall.
Our research shows that temperature and temperature variation, expressed either through Fouriertransformed variables or through a coefficient of variation, are also important. Work by Wittmann et al. (2001) , Purse et al. (2004) and Calvete et al. (2008 Calvete et al. ( , 2009 confirms this relationship. In the case of the C. obsoletus group, the main factors were related to temperature (seven out of the 10 most important factors) and vegetation. The population of this species group peaks in summer time. Most of the temperature variables are related to days colder than a 0 °C (which has to do with overwintering), 5 °C or 12 °C (temperature when insect activity starts) respectively, but the first phase of land surface daytime temperature is also included in the model. This is in agreement with the findings of Calvete et al. (2008) , which indicate that the mean temperature and the coefficient of variation were the significant factors (in addition to the mean NDVI). Models for C. newsteadii, C. pulicaris and C. punctatus are sparse and little information on the driving factors for these species is known. From these results it is concluded that the developed methodology enables to produce sufficiently accurate abundance models for Culicoides species in Spain. Whilst it is clear that the approach may still be improved, it still provides a good basis for further work.
Using probability of occurrence as a predictor for abundance
In all the abundance models, the probability of occurrence is the most important factor. This factor was added as a predictor given that many authors indicated that there is a (non)-linear relationship between probability of occurrence and abundance. In our results, the linear relationship proved to be too weak to create abundance maps directly from the probability of occurrence maps and therefore the probability of presence was added into the set of predictors for the abundance model using random regression forest. While this would introduce correlation in traditional statistical modelling techniques, and thus may cause considerable variable inflation, this is allowed when using the RF technique, which is not affected by the predictor variables correlation. For all species, the RF model delineates the zones of probability of presence (the necessary condition), and within that zone the level of abundance is determined by the remaining predictor variables.
Conclusion
The methodology for the creation of abundance models, and its application for multiple Culicoides species in Spain and Portugal using RF, is shown. The results indicate that this modelling approach is robust and that the predictor variables that are retained by the model are concurrent with existing studies for the mapping of probability of occurrence. The development of abundance models using a continuous output has not been attempted before and it is shown here that using a combination of probability of occurrence maps and a set of dedicated predictor variables, an accurate output can be obtained and used as input to TIR or R 0 models. come of two internal call projects (IC 6.6 BT EPIDEMIOLGY and IC 6.7 BT-DYNVECT). Additional funding was provided by Central Veterinary Institute (The Netherlands) under contract BO-08-010-021.
